Abstract: This paper proposes a method for improving the DC motor velocity estimations
Introduction
Artificial neural networks are increasingly represented in the field of power systems control [1] [2] [3] [4] , because of their ability to operate with a large number of data. A quality training procedure is a precondition for successful neural network usage. Conventional controllers in the presence of disturbances eventually do not provide a system robust enough. Both stability and robustness can be increased by introducing neural network into the default control logic of a system. An artificial neural network could be used as a compensator, whose assignment is to bring system dynamics to desired states [5] . The combination of neural network and fuzzy logic in the form of hybrid control can also be used for the purpose of providing better system performances [6, 7] . Inteco model of a servo system based on a DC motor will be used for experimental purposes in this paper. The artificial network for DC motor velocity control is presented in [8] , where neural network control logic is formed in two parts: for estimating motor velocity and for generating control signal. Another example of well-formed neural network, which successfully controls a DC motor, is shown in [9] . A state observer will be used in this paper for estimating motor velocity. The velocity is estimated by the state observer in [10] , where nonlinear control input for control of serially coupled DC motors is used. Neural networks, used for motor velocity estimations, are presented in [11] [12] [13] .
The starting point of this paper is a servo system, based on a DC motor and brass inertia load. For the purpose of experimental research, the state observer is designed in Section 2, as well as a variable structure controller in Section 3. Observer design procedures are presented in [14, 15] . Poor velocity estimations of a servo system are experimentally obtained in this paper and presented in Section 4. The servo system possesses control limitations while working in sliding mode with large loads attached to the motor shaft. Those limitations directly affect unsatisfied observer velocity estimations, which are also presented in Section 4. The problem is solved by introducing neural network into the default control logic of the system. The artificial network is formed and trained with real experimental data in Section 5. Significant improvements of estimated velocities for different input signals are experimentally obtained in Section 6. Both velocity offset elimination and estimated error minimization justify the neural network implementation into default system control logic.
State Observer Design Procedure
State space coordinates of a motor are necessary for the practical implementation of the variable structure controller. A state observer represents an additional system for the state space coordinates estimation of the controlled object. The state space coordinates can be obtained at any time for a known input of the object. Often it is not possible to form an ideal model, whereas unknown and immeasurable disturbances appear on a real system. The Luenberger model is used in this paper in order to solve this problem. Comprehensive details and formulation of the Luenberger model can be found in [16] . The servo system, manufactured by Inteco, Poland [17] , is powered by the Bühler 1.13.044.236 DC motor, whose characteristics and parameters are given in [18] . A mathematical model of the observer can be represented by the form:
x t Ax t Bu t B c t c t c t Dx t
-109 -where   xt and   ct are the state space vector and the observer output, respectively. The estimated error is defined as:
It is possible to neglect viscous friction and the inductance of the rotor circuit during the design procedure of the observer, because Bühler DC motor used in this paper is a small power motor. On the basis of this possibility, a differential state equation and an output equation can be represented as: 
The poles of this system are 1 0 s  and 2 sa  [19] . A desired range of the observer poles is such that the pole at zero will be moved to the new position 1 
20
s  , while the pole at a  will be moved to A is designed using a rule:
It is known that:
, so the characteristic observer equation can be found from: The final form of the designed state observer can be presented as: 
The experimental results obtained from the servo system are shown in Figs. 1 and 2. The estimated time response of the angular position from observer compared to the angular position of the motor is shown in Fig. 1 . The time response of the estimated angular velocity of the observer is compared to the real angular motor velocity (Fig. 2) . The presence of disturbances and noises, and the inability of their filtering are disadvantages of a standard linear observer. Those disturbances are present because some of them are slowly varying parameters which are not measurable. Position estimation is not significantly sensitive to the effects of disturbances and it is therefore accurate (Fig. 1) . The velocity is sensitive to these disturbances, therefore, the estimation is not completely accurate. In practice, rotor current is introducing as a disturbance signal in the observer for the purpose of reducing a velocity estimation error. In our case, the motor current is not measurable parameter. As a result, it is not possible to introduce rotor current as a disturbance signal in the observer. As a result, we have velocity estimation error, which can be seen in Fig. 2 . 
Variable Structure Controller
Variable Structure Control (VSC) is a control algorithm frequently used within nonlinear control systems. The main advantage of this approach is low sensitivity to parameter perturbations and disturbances, which makes it a robust control method [20, 21] . The dynamics of the second order system is represented by the following differential equations:
The design procedure of VSC logic consists of two steps. The first one is establishing a reaching motion within the system trajectory, which will move towards the sliding manifold and reach it in a finite time; the second step is to keep the motion of the trajectory on the manifold as t tends to infinity.
-111 -If we choose the switching function as: 12 , g cx x  (9) the sliding manifold will be defined as 0. g  Therefore, the motion of the system trajectory is governed by:
11 .
x cx  (10) From (10) it can be seen that the order of the sliding mode equation is less than the order of the original system, and the dynamics are determined by the parameter c. That means the dynamics during the sliding mode do not depend on the original system dynamics.
In order to provide stability for the system, the Lyapunov stability theory is used:
as a Lyapunov function candidate. The derivative of V is:
If it is assumed that the derivative of the switching function g satisfies the inequality:
for some known (x)  functions, from (12) and (13) the following inequality is obtained:
By choosing the control input signal u as:
where:
and substituting (15) in (14), the reaching and existence condition can be expressed as:
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We can calculate the parameter c if condition (17) is fulfilled.
If the control input is defined as a quasi-relay sliding mode control:
the stability, reaching, and existing conditions are calculated from:
If we substitute (18) in (19) , the following inequality is obtained:
and it is correct for all . ca  The block diagram of a servo system with the observer and VSC is shown in the following Figure. 
where T is the motor torque, and T L is load torque. 
Large load inertia compared to the motor inertia (14) , and transition from one velocity to another are two main reasons for significant changes of time period Two experiments are performed in order to show the validity of the previous analysis. In these experiments, only velocity time responses will be taken into consideration. The first experiment is based on the servo system from Fig. 11 . The system is formed without any load attached to the motor shaft ( 0 l J  ). VSC is included in the control logic and recorded angular velocity is presented in Fig. 13 . In the second experiment, 3 aluminum wheels are attached to the motor shaft (Fig.  12) . The total weight of the wheels is 0.15 kg and the moment of inertia is J aw = 0.00008 kgm 2 . Time response from this experiment is shown in Fig. 14 
The designed observer estimates velocity in a satisfactory manner while the system operates without any load attached. The observer ability to estimate the motor velocity decreases when the load moment of inertia is attached and increased. Velocity offset is notable between 2 nd and 4 th second on Fig. 14, but it converges to zero after 5 seconds. In the next chapter, a neural network will be designed with the purpose to improve observer estimation performances and overall system control. 
Estimated Velocity Compensator Based on the Feedforward Neural Network
The block diagram of the servo system with the integrated neural network is shown in Fig. 15 . A standard feedforward network is used for neural network realization. Real values from experimental model are imported for training purposes. Velocity test data from the observer and motor are used for network inputs and outputs, respectively. Four different signal types are used as referent input signals for training purposes: step, sinus, sawtooth, and square signal. Table 2 . Experiments are performed on the system with default control logic, which is presented in Fig. 3 . The total number of elements of all vectors was 36000, which made the entire database large. The initial training procedures showed poor results with this database and the problem is solved with database reduction procedure. A reduction of elements inside every vector was performed in order to optimize the training procedure. Each new formed vector included 100 elements instead of 1000, which made the database significantly smaller. The database reduction did not make a bad influence on neural network learning procedure. The main condition for neural network implementation into control logic is to design oneinput/one-output network. The real time experimental environment has only processed vectors whose length is mx1. Input and output vectors are formed by merging all reduced input and output vectors respectively. The number of iterations, the type of training procedure, and the number of neurons in the hidden layer are determined experimentally. Neural network activation function is selected to be default hyperbolic tangent sigmoid transfer function (tansig). Sixteen different types of training processes are used for the initial testing phase, and the training results are shown in Table 3 . Fields in Table 3 that are labeled with "x" indicate unsatisfactory training procedures, due to performance divergence, extremely poor results or too slow convergence of performance factors. Those data will not be analyzed. Standard training types integrated in Matlab software [23] are applied in this paper. The decision parameter that is used for selecting training process is total error which is made during the training. The total error is presented as "Performance" category in Tables 3 and 4 .
The perfect result would be the one where a training procedure has Performance index equal to 0. Seven best training types from Table 3 are selected on the basis of performance results. Those 7 training types were analyzed further, the neuron number zones which could potentially give better results are experimentally selected, and new training procedures are performed. The results of those additional analyses are presented in Table 4 . Trainlm is a network training function that updates weight and bias values according to the Levenberg-Marquardt optimization method. It is considered to be one of the fastest backpropagation algorithms. A deficiency of this function is the requirement of much more computer memory for its realization, in comparison to the other algorithms. The quantity of neurons in the hidden layer, the memory that is used, and the elapsed time for training processes are not considered while making the network choice. The final decision was to use 1200 neurons in the hidden layer and to use the Levenberg-Marquardt optimization training method on the basis of the results in Table 4 . Table 2 , are used, and the system responses for each input signal are determined experimentally. The performance evaluation will be based on four parameters: a quality of the estimated angular position, an offset appearance degree, a speed of transient process, and a quality of the estimated angular velocity during the transient process. represents increased time duration comparing systems with and without a neural network. It can be concluded that all transient process speeds decrease in the range between 25.6% and 46.2% after neural network implementation. That implies that overall system responses get slower after artificial network implementation. The influence on speed performances can be classified as a deficiency, if there is a need for obtaining faster responses. For all the other experiments from Table 5 , the observer improvement is in the range between 2.2% and 28.2% after implementation of the neural network. The disadvantage of the modified servo system is increased duration of the time responses, which is a regular occurrence after artificial network induction. The overall conclusion is that implementation of the standard feedforward neural network can be a satisfactory solution to improve velocity estimations of the state observer. The network can compensate an error that occurs as a result of variable structure control logic and effects of large load moments of inertia. Velocity offsets in steady states are eliminated for each experiment. Further, modified control logic significantly reduced overall velocity estimation errors.
Modified Servo System with Implemented VSCExperiments
The main disadvantage of the neural network implementation is the increased time duration of the servo system processes, in comparison to default control logic performance. In general, control logic should be modified in the way demonstrated in this work, if there is need for more reliable and accurate observer velocity estimations. On the other hand, it is better to avoid feedforward neural network implementation if the speed of a system time responses is of greater importance.
